ABSTRACT
INTRODUCTION

17
This paper explores the bi-directional control characteristics of car-following models that may be used for 18 microscopic vehicle coordination and control in future driving environment with connected vehicles. 19
Connected Vehicle Technology (CVT) is an emerging ITS technology that has the potential to reshape the 20 prevailing transportation systems. CVT uses wireless communication technologies to enhance the V2V 21 (Vehicle to Vehicle), V2I (Vehicle to Infrastructure), and I2I (Infrastructure to Infrastructure) 22 connectivity resulting in considerable potentials for a variety of applications to promote safety, mobility, 23 and sustainability. In this environment, drivers not only receive stimulus from the directly preceding 24 vehicles but also from vehicles that are within CVT communication range; while, in prevailing driving 25 environment, drivers only perceive the preceding vehicle states constantly and occasionally check the 26 following vehicles through side and rear mirrors. Further into the future, with the enhanced connectivity, 27 vehicle-specific traffic control or guidance based on the surrounding traffic conditions may become 28 possible. However, to establish theoretical and modeling foundations for such future technologies, it is 29 necessary to explore the characteristics of traffic flow under the CVT environment. Such characteristics 30 can be described from two aspects, the increased perception range and the bi-directional information 31
propagation. Furthermore, we consider that the latter one has a more profound impact on the 32 characteristics of traffic flow than the former because traffic flow has long been considered a hyperbolic 33 and anisotropic flow in which information propagate from upstream to downstream at a finite speed. 34
Microscopic vehicle control and coordination technologies have been studied for many years. A 35 representative this technology is the Adaptive Cruise Control (ACC) technology. The prevailing trend of 36 ACC is the integration of microscopic traffic flow models into the control framework of ACC (1) . 37 However, one limitation in existing models is that the underlying car-following models only considers 38 information from the preceding vehicles. Recently, Yang and Recker (2) explores the ACC technology 39 under CVT environment; however, macroscopic traffic information, such as congestion and incidents, 40 was only considered, rather than the microscopic dynamics of surrounding vehicles. In this study, we take 41 the first step towards the possibility of using bi-directional car-following models in microscopic vehicle 42 coordination and control technologies such as ACC by evaluating the control characteristics of several 43 representative bi-directional car-following models. 44 Furthermore, CVT is still at an early stage and will need many years of research, innovation, and 45 marketing to achieve successful large-scale implementation as well as full penetration among all vehicles. 46
During this process, traffic streams will likely consist of both regular and connected vehicles. In our study, 47
we intend to explore models that may be used in these hybrid environments without introducing severe 48 driver confusion and vehicle conflicts. While such models may exhibit vehicle characteristics similar to 49 regular vehicles, they can also be tuned and modified to apply effective vehicle control or coordination 50 strategies. Among the existing microscopic traffic flow models, bi-directional microscopic models can 1 serve both purposes well. They can be calibrated to reflect the driver behavior of regular vehicles, while 2 also being tuned to apply microscopic control and coordination strategies rooted in the bi-directional 3 information propagation through the connected vehicles. In the existing literature, traffic flow models that 4 can describe such bi-directional impacts can be found in both the car-following models and cellular 5 automation models. In car-following modeling, bi-directional extensions to the original unidirectional, 6
one-leader-one-follower models can be found in literature as early as the 1950s. 
LITERATURE REVIEW
26
In this section, the existing studies related to the proposed bi-directional formulations are reviewed. First, 27 four unidirectional car-following models are reviewed including the original relative velocity only model 28 (9) and its full version (10), the original OV model (11), and its Full Velocity variation (12). 29
Selected GM and OV Car-Following Models
30
GM models assume that the follower vehicle n adjusts its acceleration based on traffic state variables 31 within the leader-and-follower vehicle system, including the relative velocity, vehicle spacing, and 32 vehicle velocities. The first GM model proposed by Chandler, Herman and Montroll (9) only considers 33 relative velocity. 34
The complete version of GM model is proposed by Gazis et al. (10) . 36
where l and m are both exponents applied to the following vehicle velocity and spacing, respectively. 
Jiang (12) improved Bando's model by adding the velocity difference between vehicles n and
Existing Bi-Direction Control Formulations 4 In 1959, Herman et al. (3) introduced the "backward control" formulation to the GM Models. The 5 formulation is given by the following:
The reaction time here has been assumed to be the same for both forward and backward control. 8 Herman further provided the analytic solution to this equation and analyzed its stability conditions in a 9 three-vehicle system. The major advantage of this model is that the forward and backward terms are 10 clearly separated from one another. The limitation with this formulation is that the values ofC 1 and C 2 are 11 affected by both the sensitivity for each direction and their contributions in the final car-following 12 decision. This stability condition is as follows: 13
Another existing bi-directional formulation is the backward-looking optimal velocity (BL-OV) 15 model (4). 16
where V F (x), V B (x) are the OV functions for forward-looking and backward-looking, respectively. Both 18 terms together are used to replace the V(x) term in the original OV model. Furthermore, the formulation 19 of the V F (x) and V B (x) take the following forms: 20
The stability condition for this bi-directional formulation is also given. 22 
where α is used to identify relative roles of the two OV functions in car-following decisions, H(x) is a 32
Heaviside function in which H(x) = 1, if x>=0, and H(x) = 0, otherwise, and h c is an interaction distance 33 within which drivers respond to stimulus from following vehicles. The stability condition is given 34 assuming the same formulation for the forward and backward OV function in Nakayama et al.'s model. 35
Sun et al. (7) extended the full velocity OV model into a similar form that considers multiple 37 preceding and one following vehicle. Their model can be rewritten as follows when only one preceding 38 vehicle and one following vehicle is considered. 39
Their multi-vehicle stability condition can be simplified into the following: 41
It can be observed that when  = 0, Equation (14) The Generalized Bi-Directional Framework 5 Each existing bi-directional model has its own benefits and limitations to evaluate the bi-directional 6 information impact on traffic flow. Combining those benefits together, we propose a generalized bi-7 directional framework that can be used to formulate all car-following models into their bidirectional 8 forms. Two different types of variables are considered to formulate the generalized bi-directional 9 framework, the perception variables x and the decision variable u. Furthermore, we consider that the bi-10 directional car-following control task can be divided into the forward-looking and backward-looking 11 subtask. Each subtask has its own perception-reaction characteristics that are independent of one another. 12 Decisions from both directions are then combined to produce a driver's final car-following decision with 13 the vector of perception variables denoted as x and the decision variable as u. A car-following model can 14 be generalized as
. The general bi-directional framework can be written as follows: 15
That is, 17 be used to reformulate the four selected car-following models into the bi-directional forms (See Table 1 
Car-following Model Adjustment and Calibration
28
Classic car-following models, like the GM and OV models, do not have the built-in mechanism to 29 suppress unrealistic events such as crashes, excessive speed or acceleration, and backward movements. 30
For those models to be used in real-world vehicle coordination and control systems, the models need to 31 reflect real-world car-following dynamics. In this study, we developed an algorithm to reduce crash rates 32 and prevent the backward movements. At each time step, the algorithm is executed in turn from the 33 second vehicle to the last in a car-following platoon designed to mimic the execution of car-following in a 34 micro-simulation software. Since contradictions from the above criteria may result in a lower bound that is greater than the 9 upper bound for velocity, the contradictions are to be executed sequentially following the above order. 10
Thus the more important criteria, such as preventing backward movements and ensuring velocity and 11 acceleration bounds, are enforced more stringently than the other criteria, e.g. crash conditions, which 12 may occur in reality. The convergence in the calibration is critical for this study due to relatively large 13 number of parameters in bi-directional car-following models. Car-following model calibration is a typical 14 numerical optimization problem. The objective function of the problem is a function of the estimation 15 error with respect to ground truth data. The variables to optimize are the car-following model parameters.
16
The constraints are the boundaries of model parameters. Given the complicated structure of the solution 17 surface of model parameters, car-following models are usually calibrated by using intelligent algorithms. 18
In such algorithms, the objective function is critical to ensure the optimality and convergence. An extracts 1980 groups of 30-second trajectories for three consecutive following vehicles. In our study, the 34 reaction time is used for the time interval for running the car-following models as is done in many 35 existing studies (15) . The reaction time of 1.1 seconds is selected from the normal range of reaction times 36 between 0.88 to 1.51 seconds (16). The extracted dataset is divided into the training and testing datasets. 37
The performance of the calibration results are inspected using the average MAEs over multiple time steps. 38 It should be noted that the proposed bi-directional model will ultimately be used in the driving assistance 39 systems such as speed or spacing warning or ACC in each individual vehicle. In this study, we calibrate 40 only one set of model parameters for all vehicles traveling on the US101 section rather than a different set 41 of model parameters for each individual vehicle since we are more interested in a generally reasonable 42 range of model parameters rather than some extreme parameter values of some individual drivers. 43
Furthermore, the number of car-following trajectory points that can be obtained through this short US101 44 section may not be sufficient to effectively calibrate all the model parameters in the bi-directional models. 45 46
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Bi-Directional Control Characteristics Evaluation 1
Forward versus Backward Diagram 2
In the general bi-directional formulation (Equation 6 and 7), ,  are formulated as weights reflecting a 3 driver's consideration on traffic information from both upstream and downstream respectively. However, 4 after calibration, it is difficult to distinguish their values from the sensitivity coefficients of each car-5 following model. In fact, these two weights serve more as a control vector rather than a measuring vector 6 of the bi-directional contributions. Nevertheless, the bi-directional characteristics can still be analyzed by 7 evaluating the following equation. 8 conducted on a pseudo ring road with its perimeter being the same as the length of the vehicle platoon to 27 be investigated. Assuming for a p-vehicle platoon, at any given instance t the perimeter of the PRSS ring 28 road C prss (t) can be calculated as the following. 29
where x 1 (T) and x p (T) are the locations of the first and the last vehicle in the p-vehicle platoon, 31 respectively. At the initial equilibrium state, all vehicles have the same velocity and spacing as the 32 average velocity and spacing in the field data along with zero acceleration. The "ring" is completed by 33 merging the first and the last vehicle at their front bumper locations. In this way, the initial equilibrium 34 state on ring road is established based on real conditions. A perturbation of spacing reduction of half the 35 average spacing and a velocity increase of 15 ft/s (about 10 mile/h, 4.57 m/s) is applied to the middle 36 vehicle in the platoon. Then similar to the linear stability analysis, the car-following models are executed 37 iteratively for a large number (e.g. 500) of time intervals with respect to the initial condition of the p-38 vehicle system at time t. The resulting trajectory plots are evaluated for the flow stability. 39
RESULT ANALYSIS
1
Calibration Results
3
FIGURE 1 Accumulative Error Curves of Calibrated Bi-Directional Models (Acc.: Acceleration). 4 5 Figure 1 illustrates the accumulative error results of the calibrated models. Each date point (n,  6 MAE a,v,x ) in the diagram is the acceleration, velocity, or location MAE for all simulation results that 7 require nth car-following calculations to be obtain. The trend of these curves illustrates the convergence 8 of simulation errors across multistep car-following calculations. As indicated in the three diagrams in 9 Figure 1 , the acceleration, velocity, and location MAE for each algorithm converges indicating a 10 goodness of fit for the calibrated model with the actual car-following behavior. The calibrated parameters 11 are listed in Table 4 . It should be noted that the calibrated  ranges from 80% to 93% indicating 12 significant dominance of forward information in real-world traffic with minor backward information 13 perceived likely through the use of back and side mirrors. 14 the GM model under 5% backward contribution. Based on the CA value, the best overall traffic condition 6 is achieved at 30% and 10% backward contribution for the Chandler model, 0% for the GM model, 0% 7 for the Bando model, and below 5% for Jiang's model. This indicates that in general during free-flow 8 condition, the consideration of information from backward may not be necessary. Furthermore, the GM 9 model shows relatively better traffic condition when the backward contribution is below 5% and greater 1 than 30% despite traffic condition for 5% to 30% becomes quite congested. This may raise a concern for 2 using the GM model for microscopic vehicle coordination. Figure 5 shows the LS tests results for a congested initial state. Despite the initial congestion, the 5 traffic condition on the pseudo ring road after 500 seconds may still achieve high average velocity 6 although accompanied by traffic waves. The initial perturbation further adds additional instability to the 7 already congested ring road. The resulting congestion cannot be withstood by GM and Jiang's models at 8 high backward contribution rate and most of the vehicles in the platoon stop. It should be noted that 9 although the GM model produces smoother traffic flow than the other three models, most vehicles are 1 traveling at low speed resulting in congestion over the entire space-time diagram (CA = 358.44 km*sec 
Forward versus Backward Acceleration Characteristics
CONCLUSION AND FUTURE WORK
10
In this study, we explore the bi-direction control characteristics of four representative GM and optimal 11 velocity car-following models to be used for microscopic vehicle coordination and control in the 12
Connected Vehicle environment. A general bi-directional framework is proposed to reformulate any car-13 following models into the bi-directional forms. The proposed framework is used to convert Chandler, GM, 14
Bando, and Jiang's models into their bi-directional forms and is calibrated using US101 NGSIM vehicle 15 trajectory data. performances when compared to the other two models. A recommended operating range between 5-20% 25 is suggested for tuning the backward contribution for vehicle coordination and control. 26
Future work of this study includes several aspects. First, representative car following models in 27 other categories such as crash avoidance and action point models need to reformulated and investigated. 28
The initial selection of models is based on whether the model's bidirectional stability has been studied in 29 the existing literatures. Nevertheless, the bi-directional formulation framework and the evaluation 30 methods proposed in this paper can be applied to other car following models even when the analytic 31 linear stability condition is difficult to obtain. Second, the selected bi-directional car following models 32 need to be integrated into existing Adaptive Cruise Control (ACC) or other microscopic vehicle 33 coordination and control framework to evaluate their effectiveness more meticulously. 34 35 ACKNOWLEDGEMENT 36
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